Prediction of protein-RNA interactions at the atomic level of detail is crucial for our ability to understand and interfere with processes such as gene expression and regulation. Here, we investigate protein binding pockets that accommodate extruded nucleotides not involved in RNA base pairing. We observed that 86% of protein interacting nucleotides are part of a consecutive fragment of at least two nucleotides, whose rings have a significant interaction with the protein. Many of these share the same protein binding cavity and almost 30% of such pairs are π-stacked. Since these local geometries can not be inferred from the nucleotide identities, we present a novel framework for their prediction from the properties of protein binding sites.
of these regions is important due to several reasons. First, proteins of the same family can form different interactions with RNA nucleotides [23] [24] [25] . Second, RNA molecules can be flexible and can explore different conformations that are "fixed" by the protein whose binding site is more rigid and quenches this motion 26, 27 . This observation is also supported by a recent study of Ellis and
Jones 28 who evaluated the conformational changes in known RNA binding proteins and observed that the flexibility in the protein binding sites is not significant and should allow the structural prediction of these interaction regions. Previous works that analyzed the nucleotides' physicochemical binding patterns focused on single nucleotides 1, 5, 29, 30 and did not apply them to the prediction of protein-RNA interactions. Since the binding patterns of nucleotides of the same type (e.g Adenine, Guanine) are very similar 5 their application to the prediction of RNA binding sites and reconstruction of protein-RNA complexes is rather limited.
Here, we investigate the protein binding pockets that accommodate extruded nucleotides not involved in RNA base pairing. We observed that many of these protein cavities are common to pairs of consecutive nucleotides that are often pi-stacked with each other. Consequently, we suggest that consideration of binding patterns of pairs of consecutive RNA nucleotides may be essential for the correct prediction of protein-RNA interactions. We observed that the local nucleotide geometries can not be inferred from the nucleotide identities and developed a novel framework for their prediction through the recognition of known protein binding patterns.
Specifically, we present a classification of nucleotide and dinucleotide binding sites, which are described by a set of physico-chemical properties that may be created by amino acids with different identities and spatial location of backbone atoms. Towards this goal, we have developed a new classification algorithm which performs multiple structural alignments and validates the spatial superimposition of the cluster members. The created clusters describe the common types of 3D consensus binding patterns that are used for several applications. First, their recognition allows atomic level predictions of dinucleotide binding sites with a success rate of 80%. Second, combining the predictions of neighboring dinucleotide binding sites allows us to predict the structure and the sequence of consecutive RNA fragments of on average 5 nucleotides. Finally, searching the database of drug binding sites for patterns similar nucleotide and dinucleotide binding sites can assist in the prediction of ligands and ligand fragments that can be used to interfere with protein-RNA interactions.
Results
Our goal to recognize and predict the main types of interactions between protein binding sites and single-stranded RNA bases. Specifically, we focus on the protein binding pockets that accommodate extruded 16 nucleotides not involved in RNA base pairing (see Figure 1 ). We define a nucleotide binding site by the protein Connolly solvent accessible surface area 31 within 2Å from the surface of the RNA nucleotide ring. Nucleotides with a protein binding sites area larger than 3Å 2 are considered as protein interacting. Given a pair of extruded consecutive nucleotides that interact with the protein, a dinucleotide binding site is defined by a pair of the corresponding nucleotide binding sites. The physico-chemical properties of the binding sites are represented by points in 3D space termed pseudocenters, extracted from the protein amino acids according to Schmitt et al 32 . Each pseudocenter represents a group of atoms according to the interactions in which it may participate: hydrogen-bond donor, hydrogen-bond acceptor, mixed donor/acceptor, hydrophobic aliphatic and aromatic (π) contacts. Only surface exposed pseudocenters are considered. Figure   1 presents several examples of extruded nucleotide pairs and their protein dinucleotide binding sites. The analysis below is performed on a non-redundant dataset of all existing protein-RNA structures, which consisted of 278 complexes with resolution 3Å and better and less than 50% sequence identity in at least one chain (see Methods).
This section starts with some general observations regarding protein-RNA interactions and protein binding pockets that are involved. We present our classification methodology and show its application for the recognition of 3D consensus patterns of dinucleotide binding sites. As illustrated in Figure 2 these patterns are further used for the prediction of dinucleotide binding sites as well as RNA fragments and protein-RNA complexes. Finally, we describe how our infrastructure can be used in drug design applications for the discovery of RNA aptamers 33 and small molecules that target nucleotide and dinucleotide binding sites.
Interactions of single-stranded RNA bases
Our first goal is to understand which types of interactions and binding pockets are involved in protein-RNA interactions. We observed that 24% of all unpaired RNA nucleotides have a significant contact with the protein (calculated on the above described dataset of protein-RNA complexes, see also Methods and Supplementary Material). Only 3% are the binding pockets of single nucleotides whose neighbors on the strand do not form significant contact with the protein. Consequently, 21% of the unpaired protein interacting nucleotides have at least one RNA strand neighbor that interacts with the protein via its ring as well. Thus, 86% of protein interacting extruded nucleotides are part of a fragment of at least two nucleotides that have a significant interaction with the protein.
Interestingly, we observed that in many cases, two consecutive nucleotides share the same binding cavity. They can be either π-stacked with each other or can form interactions with the same water molecule (e.g. PDB: 1wmq) or the protein (see Figure 1) . Here, we estimate the frequency and the geometries of the first phenomenon, which was biochemically studied for some specific protein-RNA complexes 34 . We define a pair of consecutive extruded nucleotides as π-stacking, if the corresponding nucleotides' planes are either parallel or perpendicular and have an angle of 180 ± 20 o or 90 ± 20 o respectively. In addition, we require that the distance between nucleotide ring centroids is less than 7Å 35 . Table 1 presents the frequency of π-stacking observed in two nonredundant datasets constructed from all the available RNA structures and protein-RNA complexes respectively. We observed that in general 31% of consecutive pairs of extruded nucleotides are involved in local intra-RNA π-stacking interactions. When considering protein-RNA complexes, 28% of consecutive, protein interacting, nucleotides are π-stacked with each other. As expected, T-shaped (perpendicular) π-stacking is very rare (8% of consecutive pairs) and was never observed in protein binding pockets.
When trying to estimate the sequence specificity of π-stacking, the only dinucleotide pair which was observed to have a clear tendency for π-stacking, was the AC pair (significant by the hyper geometric p-value above 0.009). It constituted 60% and 37% of π-stacked pairs in the datasets of protein-RNA complexes and all RNA structures respectively (see Supplementary Material). These results show that the nucleotide geometries can not be predicted from the RNA sequence alone and nucleotide identities are not sufficient for the atomic level prediction of protein-RNA complexes.
To summarize, we have observed that in most cases protein-RNA interactions are mediated by consecutive, protein interacting nucleotides many of which are accommodated in the same protein binding cavity and are π-stacked. Consequently, the binding cavities of single nucleotides are not always sufficient for a proper physico-chemical description of protein-RNA interactions and the binding patterns of dinucleotide binding sites should be considered. Moreover, since the RNA sequence can not be used for the prediction of nucleotide local geometries, below we propose to utilize the protein binding patterns for the prediction of RNA nucleotide orientations and protein-RNA complexes.
Classification of nucleotide and dinucleotide binding sites
Here, we classify all the nucleotide and dinucleotide binding sites extracted from the dataset of protein-RNA complexes (see Methods). We consider all the dinucleotide binding sites that accommodate pairs of consecutive extruded nucleotides. In addition, binding sites of single nucleotides that are not a part of such pairs are considered as single nucleotide binding sites.
Here, we present a unique classification methodology which validates the cluster quality by multiple spatial binding site alignment. Specifically, we have developed a center-star classification algorithm (see Methods), which creates clusters by iteratively adding binding sites in the order of their decreasing similarity (based on pairwise spatial alignments) and validates each new addition by the multiple spatial alignment among all current cluster members. If the multiple similarity, measured by the score of the common physico-chemical binding pattern, is lower than a predefined threshold (e.g. ≤ 30% of one of the binding sites) the new member is ignored and not added to the cluster. The main advantage of this approach is that we validate the spatial superimposition of the cluster members and assess the quality of the shared physico-chemical binding pattern. 
The RNA-binding domains
The RNA recognition motif (RRM), also known as RNA-binding domain (RBD) or ribonucleoprotein domain (RNP) is considered to be one of the most abundant protein domains 23 . In spite of its overall structural simplicity this domain can recognize a wide variety of RNAs and can perform various biological functions. Our dataset contained 9 complexes with RBDs of the 6 following types:
(1) splicesomal U1A proteins (PDBs: 1m5o, 1urn, 1sj3); (2) splicing factor U2B' (PDB: 1a9n); (3) sex lethal protein, Sxl (PDB:1b7f); (4) HuD proteins (PDBs: 1g2e, 1fxl) and (5) poly(A)-binding protein (PDB:1cvj); (6) Pre-mRNA splicing factor U2AF65 (PDB:2g4b). Although all of these proteins share less than 2% overall sequence identity, all of them possess the RPM1 and RPM2 sequence motifs 23 . Our clusters reveal the similarities and the differences of the various nucleotide binding sites which allow these proteins to achieve a range of required biological functions. Notably, the results obtained with our protein binding site alignment method (see Table 2 ), are consistent with the manual observations and comparisons of nucleotide binding sites which were performed for some of the complexes 23, 24 . Table 2 presents the details of all the dinucleotide clusters which involve RBDs. As can be seen, the created clusters divide our proteins into three main groups: (1) HuD and Sxl, which have 7 common dinucleotide binding sites, in spite of sharing only 49% sequence identity; (2) U1A and U2B proteins that share 69% sequence identity and 4 common dinucleotide binding sites; (3) U2AF65 and poly(A) binding proteins, which are clear outliers. They do not share clusters with other RBDs, and are indeed known to be different from the rest and each other 37, 38 . Below we provide a detailed description of the similarities recognized by our clusters.
Tyr-Phe aromatic platform of RBDs Figure 3 (a) presents a superimposition of six complexes, which constitute one of our largest RBD clusters formed by four different protein types (U1A,U2B,HuD and Sxl, see Table 2 Interestingly, the structure of HuD in complex with c-fos AU-rich element (PDB: 1fxl), was classified in a separate cluster together with a Rho terminating factor (PDB: 1pvo), which was recognized to have the same Tyr-Phe aromatic binding platform. This is a novel similarity, which we could not find in previous studies. The reason that the HuD binding site of 1fxl was not classified with the rest of the RBDs is that its similarity to U1A (PDB: 1sj3) is less than 30% and these two binding pockets share only 5 common features, while the common pattern of the above described cluster has 6. Remarkably, the binding site of the Rho terminating factor exhibits a pattern of 7 physico-chemical properties which is very similar to that of HuD with c-fos (See Supplementary Material). As illustrated in Figure 3 (b) although the Rho terminating factor is structurally different from RBDs and does not contain the required RPM sequence motifs, our binding site alignment method reveals that it uses a very similar aromatic binding platform which binds dinucleotides in a manner similar to RBDs.
RBDs and proteins of other folds
In addition to the already mentioned similarity of the PheTyr RBD platform to that of Rho termination factor, our clusters reveal novel similarities of RBDs to other structurally, functionally and evolutionary unrelated proteins (see Table 2 ). Figure 3 presents an additional example of the similarity between U2AF and a guanine transglycosylase (PDB: 1q2r). In both structures there is an unusual turn between the considered nucleotides. As can be seen, this kink, which is measured to be 120 • in U2AF 38 , breaks the binding site to two separate surface patches, which are similar in the two structures. In both examples, in spite of the structural differences between the proteins, the binding sites have similar surfaces and shapes and bind the π-stacked nucleotide pairs in exactly the same orientation. A very similar situation is observed in the rest of the clusters of this type, which are detailed in Table 2 . This type of similarity is usually well illustrated in the biological literature, which allows us to verify the correctness of the recognized physico-chemical patterns. In addition, the correct superimposition of the overall structures by the transformations calculated for the dinucleotide binding sites allows us to validate the correctness of the method. Table 3 details all the recognized clusters of this type. Below we describe several clusters that provide some insights into the RNA sequence specificity and reveal the repetitive nature of certain binding patterns.
Similar structures, similar dinucleotide binding sites
Nucleotide sequence specificity MS2 RNA hairpin coat-protein complexes, have been widely used as a model system for studying RNA sequence specificity 40, 41 . Our dataset contained 20 complexes of RNA bacteriophage capsid proteins, most of which were determined as part of these studies. These studies have revealed that the main driving force for the complex formation is the π-stacking interaction between the -5 base and the conserved tyrosine side chain. Our clusters support this finding. First, they reveal that the only extruded pair of nucleotides which have a sufficient contact with the protein are nucleotide bases -4 and -5 41 (see Table3 cluster Figure 4 shows one example of the similarity between the binding sites located on the sequence motifs known as repeats 6 and 8 43 . The similar physico-chemical properties and surfaces of these binding sites are formed by the amino acid sequence QYYQ which has the same spatial arrangement in both repeats (see Supplementary Material). Although the overall structures of the compared proteins are similar, the repetitive nature of these spatial patterns can not be recognized using standard structural alignment methods 44 .
Different structures, similar dinucleotide binding sites
As was illustrated in the example of Pumilio repeat proteins, similarity of the sequence patterns can lead to the similarity of the dinucleotide binding sites. We start this section with an additional example in which we recognize similar binding patterns created by an even more fuzzy sequence motif. We further describe several of our clusters that reveal similar dinucleotide binding sites of proteins that do not share any sequence or structure motifs (see Table 4 ).
K homology (KH) motif The K homology (KH) is a widespread RNA-binding sequence motif, an invariant Gly-X-X-Gly segment 45 , which is known to be shared by proteins with globally distinct structures 46 . Two of our clusters (clusters 34 and 106, see Table 4 ) reveal the similarity between consecutive dinucleotide binding sites of transcription elongation proteins NusA (PDB: 2atw, 2asb) and neuronal splicing factors Nova-1 (PDB: 2anr, 2ann). Both of these protein types possess the KH motifs which are aligned by our method. Figure 5 presents the common binding pattern of three consecutive nucleotides GAA (G1-A3, 2atw) and CAC (C214-C216, 2anr) of NusA and Nova respectively. The recognized common protein physico-chemical pattern, which is consistent with previous studies 19, 45, 47 , consists of the conserved hydrogen bond donors contributed by the GXXG motif (2anr:G22,G25, 2atw:G237, G240), and hydrophobic aliphatic interactions formed by the conserved Ile residues (2anr:I21,I39, 2atw:I236,I255).
Aminoacyl-tRNA synthetases Nine of our clusters of the second type, reveal similarities between different types of Aminoacyl-tRNA synthetase proteins. Interestingly, the structures of tRNA synthetases coding for different amino acids are different and they are currently estimated to evolve from different single domain proteins which are not known to have any common ancestor 48 . However, it is estimated that the structural relationship between these proteins may reflect intermediate steps in the establishment of codon-amino acid interactions 48 . Our clusters, that are detailed in Table 4 support this theory and reveal the binding patterns that may be reused in different protein regions that are important for RNA recognition. sites of Glutamyl-tRNA synthetase (PDB:1n78) and Aspartyl-tRNA synthetase (PDB:1il2). These binding sites accommodate the dinucleotide pairs CU and GU that are part of the codons CU C and GU C coding for Glu and Asp respectively. Notably, neither the overall structures of these complexes nor the rest of the anticodon loops are aligned by our method. This suggests that the recognized pattern may be the only building block reused during evolution in a manner that will allow the specificity of each binding site. between the dinucleotides of the real complex and those predicted by the protein-profile alignment is ≤ 3Å; (2) There are at least four (or 30%) of physico-chemical properties (pseudocenters) involved in protein-dinucleotide interactions of the specific site that were correctly predicted by the proteinprofile alignment. The percentage of successfully predicted dinucleotide binding sites is the success rate of our methodology. Notably, the success rate calculated in these leave-one-out tests is 80%.
Moreover, in 50% of the cases the correct prediction was the top ranking solution and in 82% of the cases it was within the 5 top ranking solutions. We consider this to be a success, especially since we do not only point to some specific amino acids that are involved in the interactions, but predict the spatial orientation of the RNA nucleotides in the protein binding site. Consequently, we expect that the combination of such predictions will allow the reconstruction of protein-RNA complexes with an unknown structure. Below, we detail our first steps in achieving this goal.
Prediction of RNA strands and protein-RNA complexes
Given a protein structure, we would like to be able to predict which RNA fragments if can bind and what is the structure of the resulting protein-RNA complex. This is a very ambitious goal and currently we only show some initial steps in achieving it.
Existing tools are unable to provide a good solution to this problem for several reasons. First, we aim to solve this problem without any assumption or knowledge of the structure of the RNA molecule. Due to the limited number of existing RNA structures, this is an important requirement.
Unfortunately, it prevents using standard methods like docking for its solution. Currently, the most applicable approach is the superimposition of the given protein upon the protein-RNA complex of its closest homologue. This provides the prediction of the complex between the input protein and the RNA molecule bound to the homologue. However, this approach has several limitations. First, as can be seen in the example of the RBD clusters, similar overall sequences and folds do not always lead to similar nucleotide binding modes. Second, the superimposition of proteins done by their backbone atoms often misaligns the RNA molecules and the specific nucleotide binding sites of interest. Our methodology improves these points in the following ways. First, by looking for the similarity of the physico-chemical patterns in the binding sites, we use only the most reliable protein information which indeed leads to the similarity in binding. Second, we superimpose the proteins according to the transformations calculated for their binding sites which usually optimize the similarity of the RNA nucleotide orientations.
Here, we extend the RnaPred algorithm to the following scheme. Given a protein structure, we first recognize all regions that are similar to any of the above described 3D consensus patterns.
Then, we superimpose the matched 3D patterns upon our target structure and consider the RNA dinucleotides that are bound to these patterns. We consider all the solutions and try to connect the nucleotides superimposed on neighboring regions to form a valid continuous RNA fragment.
The longest RNA fragment with the highest similarity score of the alignment between the protein binding sites and the selected 3D patterns is the top ranking solution. Since the constructed RNA fragment is comprised of dinucleotides taken from 3D consensus patterns of totally different proteins, it can be different from any RNA fragment of known sequence and structure. This allows us to make unique predictions that can not be achieved by other methods. As described below, these can contribute to such applications as the design of RNA aptamer drugs which target protein-RNA interactions.
To evaluate the performance of this method, we have performed leave-one-out tests similar to those described in the previous section. As before, each time we have left out one protein structure, re-clustered and created a new set of 3D consensus patterns that do not assume any knowledge of the left out structure. Then, this structure was searched for the highest scoring sequence of regions similar to the constructed 3D consensus patterns that allows us to create the longest continuous RNA fragment. The average length of the predicted fragment was 5 and the average running time on a standard PC was 3.5 minutes (AMD Opteron 242, 1593MHz) . Notably, when we calculated the RMSD between the predicted RNA fragments and the real fragments bound to the left out structures in 22% of the cases it was less than 3Å, and in 17% of the cases it was even less than 1Å. In the rest of the cases, although we have precisely reconstructed some sub fragments, we have added false positive predictions which pointed to regions that are not in interaction in the given complex. Figure 6 presents two examples which illustrate our success and limitations. In the first example, we reconstruct the RNA fragment and the structure of HutP antitermination complex (1wpu). The total length of the RNA strand of this complex is 7 nucleotides and it interacts with the protein through 4 dinucleotide binding sites. When we applied our prediction method and searched the surface of the HutP protein, we have correctly predicted all 4 of its dinucleotide binding sites. As expected, the prediction was made based on four 3D consensus patterns of homologous proteins (1wrq, 1wmq), the chaining of which constituted the top ranking solution. Interestingly, 2 of these patterns were based on clusters that contained additional binding sites of Aminoacyl-tRNA synthetase (1n78) the anticodon CU C loop of which was recognized to be similar to the central U AG motif of HutP (see Table 4 , cluster 63). In spite of this addition, the patterns were correctly mapped to the query protein and the structure of the RNA fragment was correctly predicted with the overall RMSD of 0.5Å from the native. However, the structure of two 5 , U U nucleotides was not predicted by our method. The first 5 , U was ignored due to some missing atoms in one of the structures (PDB:1wrq) which led to a singleton cluster of 1wmq, which was not used for the construction of 3D patterns. Since the second U nucleotide has no interaction with the protein, its binding site and ring orientation could not be predicted by our method (see Figure 6 (a) top).
Interestingly, this nucleotide is also more flexible than the rest and its prediction is more difficult. of U1A 39 were correctly predicted and mapped by our method. This allowed us to reconstruct a fragment of five RNA nucleotides with overall RMSD of less than 0.3Å from their native structure.
However, we failed to recognize the dinucleotide binding site of C5-A6. Consequently, the fragment A6-C7, the binding site of which was correctly mapped to the protein surface, was not added to the reconstructed RNA fragment. Interestingly, this failure occurred in the prediction of the TyrPhe binding platform which is described above (see Figure 3 ). This is explained by the fact that during the reclustering without query protein, another structure of Sxl (PDB:1fxl) was added to the cluster. The Tyr-Phe binding platform of the query protein detailed in Figure 3 (a) is slightly different from the binding platform of 1fxl represented in Figure 3 (b) . The main difference is not in the aromatic stacking platform, but in the spatial disposition of the rest of the properties that form the binding sites. Consequently, when we combined the two patterns into one cluster represented by only 5 pseudocenters of 1fxl, we failed to correctly map this pattern on the structure of 1sj3, which is the most different from 1fxl (see Section 2.1). Since in the current version we attempt to reconstruct only sequential fragments, we stopped upon the failure and did not extend the predicted RNA fragment.
Drug design applications
There are two main types of drugs that can be developed to prevent the formation of protein-RNA interactions. The first type are the most common small molecule drugs, which are bioavailable when administered orally. The second type are drugs based on short strands of RNA oligonucleotides.
These ligands, known as aptamers are selected for their ability to bind proteins with both high affinity and high specificity 33 . Below we present drugs discovery applications and show how our methodology can contribute to the development of both type of drugs.
Discovery of small molecule drugs
We have observed that the average surface area of the protein binding sites that accommodate dinucleotide pairs is 145Å 2 if the pairs are π-stacked and 210Å 2 otherwise. Since optimal drug molecules were proposed to have a surface area smaller than 140Å 2 due to bioavailability reasons 49 
Discovery of novel aptamers
Our new, RnaPred, method described in Section 2.3.1 predicts the sequence and the structure of the RNA strands that can bind to the protein of interest. It provides the suggestions of the initial RNA sequences that can serve as the starting point in the design of new aptamers. Since our method uses the information from all available protein-RNA complexes, it can design previously unknown RNA sequences and structures that were never experimentally observed. Since all the predictions are knowledged-based, the constructed models are based on rational considerations of the nucleotide geometries typical to the observed protein physico-chemical patterns.
Aptamer optimization
Obviously, the predictions provided by a computational method are only a set of suggestions, which require a further validation and optimization. One way to improve the binding affinity and/or selectivity is to optimize the single extruded nucleotides, which are unpaired and are not part of a protein interacting dinucleotide pair. To obtain ideas for the chemical groups and scaffolds that can be used for the modification, we can search the above described database of drug-like binding 
Summary and conclusions
Motivated by the important role of extruded non-paired RNA nucleotides in protein-RNA recognition, we have investigated their local geometries and interactions. We have observed that in most cases of protein-nucleotide interactions, there are several consecutive RNA nucleotides that are not involved in RNA base pairing. Since the nucleotide identities are not indicative of their spatial geometry, we consider the protein pockets that accommodate them. We observed that many of the consecutive nucleotide pairs share the same binding cavity and interact with each other. Consequently, we suggest that the binding patterns common to such nucleotide pairs provide a more correct representation of these interactions.
We proposed a novel algorithmic framework which starts with the classification of all known nucleotide and dinucleotide binding patterns according to their spatial physico-chemical patterns.
These patterns, termed 3D consensus patterns, are further used for the prediction of binding sites and RNA fragments. Obviously, the proposed framework is just a starting point and each of its stages can be further enhanced and improved. The classification methodology, which has the advantage of the spatial validation of the created patterns, has all the disadvantages of the regular center star clustering and is sensitive to the selected star centers and the order of traversal. The created 3D consensus patterns, which were shown to be extremely useful, do not contain the information about the variation of the spatial patterns of the cluster members, whose description is not straightforward. Selection of the shared pattern coordinates from a single structure could further influence the results. Currently, we do not predict the interactions formed with the RNA backbone, which are often represented by smaller and more flexible physico-chemical binding patterns.
Nonetheless, the results of this paper indicate that it is possible to predict the interactions and the structure of fragments of single-stranded RNA bases. We intend to use the methodology presented here as the first part in a two stage scheme for the prediction of complete protein-interacting RNA strands. The results of this paper allow the prediction of binding sites and interactions formed with the nucleotide bases. Modeling the short RNA sub-fragments between the predicted regions is expected to allow the challenging reconstruction of complete RNA fragments.
In addition to being an important milestone towards achieving the ultimate RNA-protein structure prediction goal, our results provided several important insights. First, the presented classification reveals novel and surprising similarities between dinucleotide binding sites formed by proteins with different overall sequences, folds and functions. These results suggest that certain physicochemical patterns may be reused during the evolution in different protein regions that are important for RNA recognition. Second, we have presented a framework which allows a successful prediction of dinucleotide binding sites as well as recognition of ligands and ligand fragments that can target them. We hope that this will be useful in the design of aptamer and small molecule drugs that interfere with protein-RNA interactions.
Methods
Dataset construction and resources The datasets of RNA structures and protein-RNA complexes were retrieved from the NDB database 50 , March 2007, and contained 1103 and 278 structures respectively. The dataset of protein-RNA complexes contained only structures with resolution 3Å and better, while the dataset of all RNA structures contained NMR structures as well. Sequence redundancy was removed using BlastClust 51 with a 50% sequence identity threshold. When considering protein-RNA complexes, structures with more than 50% sequence identity in both RNA and protein chains were removed. The local base pairing of RNA nucleotides was recognized using the 3DNA software 52 .
Alignment of nucleotide and dinucleotide binding sites Since, it was shown that single nucleotides can bind in alternative modes even to the same protein binding site 53 , the alignment of their binding sites was performed, using our previously developed, MultiBind method 54 . This method allows the recognition of the maximal physico-chemical pattern common to the input set of binding sites, without using any information regarding the corresponding binding partners.
The dinucleotide binding sites extracted from protein-RNA complexes contain additional information about the spatial orientation of its two nucleotides, which we aim to predict. Consequently, it is essential that the alignment method will require the similarity of the nucleotide geometries in the aligned binding sites. To fulfil this requirement, we have developed a new algorithm, RnaBind, which aligns between dinucleotide binding sites and utilizes the nucleotide orientation for the construction of 3D transformations that superimpose the input binding sites. Specifically, each dinucleotide pair is represented by the two centroids of the corresponding nucleotide rings and the phosphate atom between them. Then we apply the Least-Squares Fitting method 55 to calculate the transformation that provides the best alignment of such representative triplets extracted from the input binding sites. Once the binding sites are superimposed in 3D space we apply maximum weight match in a weighted bipartite graph 56 to determine the 1:1 correspondences between the matched pseudocenters of the input binding sites and score their similarity by the scoring functions developed for our MultiBind method 54 .
Multiple center star clustering The standard clustering methods such as UPGMA or kmeans 57 provide a general methodology to group any elements based on their pair-wise relations.
Obviously, some complex elements that may be similar between each other, i.e. in pairs, may not be similar as a whole group. For the clustering of dinucleotide binding sites we are interested in computing clusters of binding sites that are similar as a whole group, i.e. finding a group of binding sites that share a significant consensus pattern. Therefore, we developed the following new clustering procedure.
Similar to most existing methods, we start with performing all-against all pairwise alignments between objects of interest. Then, we use the calculated pairwise scores to create a graph in which the objects of interest are the nodes. Edges are created between similar nodes with a pairwise similarity score above certain threshold. We require that the similarity score between two nodes (S(n 1 , n 2 )) will be at least 30% of the score of one of them aligned to itself ((S(n 1 , n 2 ) ≥ 0.3 * S(n 1 , n 1 )) ∨ (S(n 1 , n 2 ) ≥ 0.3 * S(n 2 , n 2 ))). Then, for each node, we consider the "star" that is created by its edges and determine its weight by the sum of their corresponding scores. We go over all the "stars" in decreasing order of their weight and try to create a cluster around each "star center". For each star, we go over its edges in the decreasing order of their score and try to create a cluster comprised of the star center and the nodes of the selected edges. For example, we start with the highest scoring edge and perform the alignment between its two nodes. Then, we add the second edge and perform a multiple alignment between three nodes: the "star" center and the two nodes of its two highest scoring edges. If the score of the core of this multiple alignment is above 30% of the score of each node, this triplet is defined as a cluster. Otherwise, the last node that was just added in this iteration is removed from the cluster. It will be considered later according to its other edges. As to the current "star", we proceed to go over the rest of its edges and add to the cluster only those nodes which multiple alignment with the current cluster members receives a high enough score (more than 30% similarity in our example). Figure 8 Hashing method 58 which consists of two stages, preprocessing and recognition. At the preprocessing, each triplet of pseudocenters from the complete molecule is considered as a local reference frame.
Then, the coordinates of the other pseudocenters, calculated with respect to this coordinate system, are stored in a Geometric Hash Table. The key to the hash table consists of the point coordinates and physico-chemical property. In the recognition stage the same process is repeated for each 3D consensus pattern. For each pair of reference frames, one from a 3D pattern and one from the query protein, we count the number of matched points. For each pattern, we consider the reference frames with a significant number of matched points and construct a set of candidate transformations that can superimpose the given pattern upon the entire query protein. This procedure has several advantages for our goal. First, all the information of the complete molecule is stored only once for all the 3D patterns. Second, we avoid the processing of points that cannot be matched under any transformation. This is especially important for our application since the complete molecule is significantly larger than the 3D consensus patterns.
Correspondence and Scoring: The 1:1 correspondence and the scoring are implemented in the same manner as in the RnaBind method. We ignore solutions that are too small and insignificant and align less than 30% of a 3D consensus pattern (i.e. the score of the alignment is less than 30% of the score of the pattern aligned to itself).
Clustering: First, for each 3D pattern we cluster similar solutions that superimpose it to similar spatial locations. This is achieved by applying efficient RMSD clustering, described by Rarey et al 59 , with a default threshold of 3Å . When similar alignments are detected, we retain only a single solution with the highest score. Since our goal is to retain only a small set of top ranking solutions, we need to cluster the solutions that align different 3D consensus patterns to similar protein regions. We define two mappings of different 3D consensus patterns to be similar if their corresponding match lists (defined by the 1:1 correspondence) are based on at least 70% of identical pseudocenters of the complete query molecule.
Since the algorithm performs simultaneous alignment against all the constructed patterns, it is extremely fast. Its average running time for searching a complete protein surface for the presence of all the di-nucleotide consensus binding patterns measured during all the leave-one-out tests (see or GTP, we counted the frequency of occurrence of each ligand in the PDB. Small molecules that appeared in more than 10 structures were assumed to be natural, frequently occurring substrates which can not make a significant contribution in our searches for drugs and drug fragments. As a result we constructed a dataset of 3999 binding sites which were screened for their similarity to nucleotide and dinucleotide binding patterns.
Supplementary Material
Supplementary Figure S1 presents histograms of angles and distances between the ring planes of consecutive, protein interacting nucleotides. Supplementary Table S1 presents the general frequencies of consecutive, extruded, protein interacting nucleotides that are not involved in RNA base pairing. Table S2 presents the analysis of the sequence specificity of pairs of consecutive, extruded π-stacked nucleotides. Table 2 ), colored as in a. Middle, the alignment of all the five members of cluster 32. Colored as in a, 1u0b is green. Bottom: Cluster 180, guanine transglycosylase (1q2r) is green and U2AF(2g4b) is blue and pink. (c) Glutamyl-tRNA synthetase (PDB:1n78, blue) and Aspartyl-tRNA synthetase (PDB:1il2, green), which bind the rna fragments CU and GU (colored CPK) respectively. The binding sites were recognized to share 7 pseudocenters, which are represented as balls and are colored as in Figure 1 (the pseudocenters of 1n78 are represented as smaller balls). The edges of s1 to s2 − s4 nodes failed to fulfil the multiple alignment requirements and were not added to the cluster of s1. Consequently, the algorithm proceeded to s2, where s4 fulfilled the multiple alignment requirement and was added to the cluster. (b) The RnaPred algorithms aligns the 3D consensus patterns to some regions (represented by curves) of the complete query protein .
We consider the RNA dinucleotides bound to the aligned 3D patterns (pairs of balls, colored according to the pattern) and select the longest and highest scoring fragment of consecutive mappings of such pairs. In this example, the best RNA fragment prediction is of length 4 nucleotides (nts).
